Neonatal images have low spatial resolution and insufficient tissue contrast. Generally, interpolation methods are used to upsample neonatal images to a higher resolution for more effective image analysis. However, the resulting images are often blurry and are susceptible to partial volume effect. In this paper, we propose an algorithm that utilizes longitudinal prior information for effective super-resolution reconstruction of neonatal images. We use a non-local approach to learn the spatial relationships of brain structures in high-resolution longitudinal images and apply this information to the super-resolution reconstruction of the neonatal image. In other words, the recurring patterns throughout the longitudinal scans are leveraged for reconstructing the neonatal image with high resolution. To solve this otherwise ill-posed inverse problem, low-rank and total-variation regularizations are enforced. Experiments performed on both T1-and T2-weighted MR images of 28 neonates demonstrate that the proposed method is capable of recovering more structural details and outperforms methods such as nearest neighbor interpolation, spline-based interpolation, non-local means upsampling, and both low-rank and total variation based super-resolution.
Introduction
Spatial resolution of neonatal magnetic resonance (MR) images is limited by diverse factors such as imaging hardware, signal to noise ratio, and scanning time constraints [1] . Highresolution (HR) images with small voxel size are often desired for greater structural details [2] . In other words, images with low resolution (LR) are often affected by partial volume effect (PVE), where a voxel captures signal from multiple tissue types, resulting in fuzzy tissue boundaries [3] . This poses significant challenges for subsequent image analysis, for example, in the assessment of volumetric and shape changes of anatomical structures. PVE is especially severe in brain scans of neonates, due to their small brain size and intrinsically low tissue signal contrast.
essentially a weighted average of corresponding voxels of a latent HR image. Thus, applying interpolation methods do not recover the HR image details with high frequency but causes further blurring to the image by performing another round of averaging on the voxels of the LR image. To address this issue, super-resolution (SR) techniques have been developed to estimate the HR image from one or more LR input images by reverting g the image degradation process [1, 5] . Many existing approaches focus on single-frame SR, where only one LR image is available to recover the HR image. For example, non-local means upsampling was proposed for HR image reconstruction in [6] . In [7] , both low-rank and total variation are used to regularize the otherwise ill-posed image reconstruction process. While these methods have been shown to be effective, using complementary information from multiple images might help improve reconstruction accuracy.
Longitudinal studies are widely employed to investigate the dynamic early brain structural and functional developments. In this setting, a subject is scanned for multiple times, such as at birth and 2 years of age. To address the challenges of low tissue contrast in neonatal images, recent studies have proposed to use their longitudinal follow-up images for guiding the image processing such as tissue segmentation [8] . The reason is that, the major brain gyrification is established before birth while only fine-tuned after birth [9] . Fig. 1 shows a neonatal image and its 2-year-old image after affine alignment. Despite the differences in image contrast, brain structural patterns remain consistent longitudinally. Meanwhile, since the longitudinal images of a same subject share the identical brain anatomy, they could be better matched after registration than those images from different subjects.
In this paper, we propose a novel super-resolution method for recovering a HR neonatal image from a neonatal LR image using its longitudinal follow-up image as a prior. Specifically, since the follow-up images typically have higher resolution and tissue contrast, they are ideal for guiding the resolution enhancement of the neonatal brain images (Fig. 1) . We first use a non-local approach to learn the spatial relationship of structures in highresolution longitudinal images and then apply this information to the high-resolution reconstruction of the neonatal image. Our main contribution is three fold: 1) We learn longitudinal voxel relationship as a prior; 2) We integrate low-rank and total variation regularization for effective estimation of the HR image; 3) We explicitly model the image degradation processes involving blurring and downsampling. The proposed method will be evaluated using a group of neonatal images and compared with other state-of-the-art methods.
Method
We propose a novel method for neonatal image super-resolution reconstruction. First, we briefly introduce the super-resolution problem. Next, we put emphasis on the proposed nonlocal guidance from longitudinal prior. We then introduce the regularization terms as well as optimization steps for solving the cost function. The input will include a neonatal LR image and a longitudinal HR follow-up image, and the output will be the estimated neonatal HR image.
Super-Resolution Problem
We employ a physical model for capturing the degradation processes involved in reducing a high-resolution image to a low-resolution image [1] : (1) where T denotes the observed LR image, D is a downsampling operator, S is a blurring operator, X is the to-be-recovered HR image, and n represents the observation noise. The HR image can be estimated using this model by minimizing the following cost function: (2) where the first term is a data fidelity term used for penalizing the differences between the degraded HR image X and the observed LR image T. The second term is a regularization term often defined based on prior knowledge. Weight λ is introduced to balance the contributions of the fidelity term and regularization term.
Non-local Guidance from Longitudinal Prior
We use a non-local approach to learn the spatial relationships of structures in high-resolution longitudinal images and then apply this information to the reconstruction of high-resolution neonatal image. In other words, the recurring patterns throughout in the longitudinal scans are leveraged for reconstructing the neonatal image.
The non-local strategy has been proposed for image denoising [10] . For each voxel v in image X, the similarity between v and each voxel k in a non-local search domain Ω(v) is measured using their local patches. A weighted graph w can thus be obtained to represent the non-local relationships between v and other voxels in the large nonlocal search domain. Then, a non-local mean (NLM) image is obtained by updating each voxel in the image using this strategy: (3) In our case, X is the neonatal HR image that needs to be recovered. To utilize the longitudinal prior, we propose to learn the weighted graph w for each voxel using both the longitudinal HR image L and the pre-estimated X: (4) where w(v, k) is the weight associating the center voxel v to a voxel k in its search domain Ω(v), P L (v) and P L (k) are 3D patches of longitudinal HR image L centered at v and k, P X (v) and P X (k) are 3D patches of image X centered at v and k, h L and h X are parameters controlling the strength of the weights, and Z v is the normalization constant. We refer to the obtained non-local mean image as NLM(X, L). Note that the simultaneous consideration of both LR and HR images increases robustness to structural misalignments. Fig. 2 illustrates the benefit of using the longitudinal prior. We first simulate a neonatal LR image by applying Gaussian blurring and downsampling to a real HR neonatal image, and then upsample it using spline-based interpolation. For a voxel near a gyrus, we compute its non-local similarity values in the interpolated neonatal LR image ( Fig. 2A) and found that its non-local weight map is dominated by the gyrus structure in its neighborhood, which may be due to the blurring effect in the degraded image. On the other hand, the longitudinal HR image provides an informative pattern (Fig. 2B) . After combining these two sets of weights, we obtain a new weight map (Fig. 2C) that resembles closely the results given by the original neonatal HR image (Fig. 2D) . The computed weight map would be very useful for guiding the reconstruction process. Note that, an advantage of our method is the proposed nonlocal weights are calculated based on the distance of patches, and thus will be robust to the different contrast patterns in the neonatal and longitudinal images.
The non-local mean image is then used as a penalty term to guide the recovering of the neonatal HR image X: (5) 
Global and Local Self-Similarity
We follow a previous study [7] to add regularization terms for ensuring both global and local self-similarity in the estimated HR neonatal image. The proposed method is thus reformulated as follows: (6) where the third term is for low-rank regularization, and the fourth term is for total variation regularization. λ rank and λ tv are the respective tuning parameters. These two additional terms are introduced below.
Low-Rank Regularization-Low-rank is an assumption often used in matrix completion tasks, where the matrix is incomplete and the goal is to estimate missing values from a small number of entries. Here we use low-rank as a regularization term to help retrieve useful information from remote regions. The rank of 3D image is defined as [11] :
, where the rank is computed as the combination of trace norms of all matrices unfolded along each dimension. α i are parameters satisfying α i ≥ 0 and . X (i) is the unfolded X along the i-th dimension.
Total-Variation Regularization-Total-variation is defined as the integral of the absolute gradients of the image [12] : TV(X) = ∫|∇X|dxdydz. It is proven useful in image denoising and super-resolution [12] . One of main advantages of total variation is its ability to effectively preserve edges in the image.
Optimization
We employ the alternating direction method of multipliers (ADMM) algorithm to optimize the cost function in Eq. (6). Following [13] , we introduce variables and equality constraints X (i) = M i(i) , and thus the Lagrangian cost function is: (7) where are Lagrangian dual variables to integrate the equality constraints into the cost function. Then, we break the cost function into three subproblems and iteratively update them. Note that we propose to keep NLM(X, L) fixed to achieve a convex solution when optimizing the three subproblems. The entire super-resolution process is summarized as Algorithm 1.
Subproblem 1-Update X (k+1) by minimizing: (8) 
Subproblem 2-Update
by minimizing: (9) Subproblem 3-Update by: (10) Algorithm 1 
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Repeat
Update NLM(X, L) using non-local weights computed from X and L;
Update X based on Eq. (8) 
End
Until iteration difference in the cost function (Eq. (7)) is less than ε;
Output: Reconstructed high-resolution neonatal image X;
Experiments
Data
A total of 28 healthy infants (11 males and 17 females) were used in this study. They were firstly scanned at birth, and a follow-up scan was performed at 2 years of age. A Siemens head-only 3T scanner was used with a circular polarized head coil. T2 images were acquired with 58 axial slices at the resolution of 1.25×1.25×1.95 mm 3 . T1 images were also acquired with 144 sagittal slices at the resolution of 1×1×1 mm 3 .
All images were preprocessed using a standard image-processing pipeline, including bias correction and skull stripping [15] . T2 images were linearly aligned to their corresponding T1 images. The longitudinal follow-up images were also aligned to their neonatal images using affine registration followed by nonlinear diffeomorphic demons registration [16] .
Experimental Setting
For evaluation of the proposed method, we simulated a group of neonatal LR images (Fig. 3) by applying blurring and downsampling operators to the original neonatal images. Images reconstructed by the proposed method were compared with the respective original images serving as ground-truth. Specifically, blurring was performed using a Gaussian kernel with standard deviation of 1 voxel. Downsampling was carried out by averaging every 8 voxels in an image, to simulate the partial volume effect. Signal-to-noise ratio (SNR) was used to compare the recovered image with the original image to evaluate the quality of reconstruction: SNR = 20 * log10(||Truth||/||Truth − Recovered||). Higher SNR means better reconstruction performance.
Parameters were defined experimentally. We set α 1 = α 2 = α 3 = 1/3, λ rank = 0.01, λ TV = 0.01, λ NLM = 0.02, dt = 0.1, h L and h X were set at 1% intensity range with respect to images L and X, and the maximum iteration number was 200. The 3D patch size was 3×3×3 voxels, and search domain was 7×7×7 voxels. The difference between iterations was measured and the program stopped when the difference was less than ε = 1e − 5.
Results
Experiments were performed using two imaging modalities, i.e., T1 and T2, respectively. In each experiment, the HR neonatal images were reconstructed with the help of their corresponding longitudinal images of same modality. Methods for comparison include nearest neighbor interpolation (NN), spline interpolation (Spline), non-local means upsampling (NLM) [6] , super-resolution method regularized by low-rank and total variation (LRTV) [7] , and the proposed method. The implementation of NLM provided on author's website was used 1 . We implemented LRTV by setting λ NLM = 0 in the proposed method.
Spline-based interpolation was used as initialization for NLM, LRTV, and the proposed method. Close-up views of selected regions are also shown for better visualization. It can be observed that the results of NN and spline interpolation methods show severe blurring artifacts. NLM results also appear blurry, which is partly because the blurring degradation is not explicitly considered [6] . LRTV and the proposed method demonstrate edge-preserved results. The proposed method achieves the highest SNR.
Quantitative results for T1 and T2 reconstructions of 28 infants are shown in Fig. 5 . Similar to the observations from Fig. 4 , Fig. 5 indicates that SNR increases from NN, spline, NLM, LRTV, to the proposed method. The proposed method achieved the highest SNR among all methods (p<0.01). Note that T1 images give relatively lower SNR than T2 images, which may be due to the fact that T1 images generally have lower tissue contrast in neonates. We also tried other strategies such as using longitudinal T2 images as prior for neonatal T1 image reconstruction, or using longitudinal T1 images as prior for neonatal T2 image reconstruction. These results are similar to those obtained with the use of priors from the same modality (p>0.05).
Conclusion
We have presented a super-resolution method that combines both self-similar information within an image and the longitudinal information from its follow-up image. High-resolution reconstruction results of neonatal images indicate that the proposed method outperforms methods such as NN interpolation, spline-based interpolation, NLM upsampling, and LRTV-based super-resolution. Currently, the proposed method only works on images with longitudinal follow-ups. In future, we anticipate using the results as training data to learn their longitudinal developmental constraints and thus extend the method on single time-point images. T1 MR images of a neonate (left) and its follow-up at 2 years of age (right). The 2-year-old image was registered to the neonatal image using affine alignment. Two brain regions marked with green and red were zoomed up for close comparison. Simulation of a low-resolution image from an original neonatal image. The observed image will be the input for super-resolution reconstruction and the recovered image will be compared with original neonatal image for performance evaluation. Reconstruction results for a neonatal T1 image (top row) and a neonatal T2 image (bottom row) from different subjects. In each row, the left panel shows input images including a lowresolution neonatal image and its 2-year-old follow-up image. The low-resolution neonatal image was simulated from real images (Fig. 3) showing at right panel tagged as Truth. The reconstructed high-resolution images from different methods were compared with the Truth image and their SNR were provided measuring reconstruction performance. SNR boxplots for reconstruction of 28 neonatal images using (A) T1 images and (B) T2 images. The proposed method significantly outperforms all other methods (p<0.01).
